The term structure of credit default swap (CDS) spreads contains useful information about the firm's fundamentals. Companies with a high CDS slope tend to experience increases in default risk, negative earning surprises and lower profitability in the future. Such information gets incorporated only gradually into stock prices. Firms in the lowest decile of CDS slope outperform the highest decile by 1.20% per month. This result holds mainly for stocks facing high arbitrage costs and during periods of high level of initial investor sentiment. It cannot be explained by the Fama-French factors, default risk, or the risk premium associated with the variation in default intensity. In a longer sample, we document that the slope of corporate bond yields also negatively predicts future stock return.
Introduction
It is well documented that the interest rate term structure is a powerful economic forecasting tool. For example, Harvey (1988) , Harvey (1991) , and Ang, Piazzesi, and Wei (2006) show that the term structure slope (the spread between a long-term yield and a short-term yield) forecasts consumption growth and economic growth. Fama and French (1993) find that excess returns on U.S. stocks and corporate bonds are positively related to the slope of the yield curve.
1 Previous studies have also shown that aggregate credit spreads -the difference between corporate and treasury yields -forecast economic activity such as output and investment growth (e.g., Stock and Watson (1989) , Lettau and Ludvigson (2002) ) as well as future stock market returns (e.g., Keim and Stambaugh (1986) , and Fama and French (1993) ). In this paper, we study the information content of the term structure of credit spreads at the individual firm level and examine its predictive power for stock returns.
To measure the term structure of credit spreads for individual firms, we use data from the credit default swap market, which has grown tremendously and become increasingly liquid over the last decade. 2 A CDS is a swap contract in which the protection buyer makes a series of payments to the protection seller and, in exchange, receives a payoff in case of credit events of the reference bond such as downgrading and default. The periodic payment, which is usually expressed as a percentage of the bond's notional value, is called the CDS premium or spread. We observe CDS spreads each day on the same set of maturities (ranging from 1 to 10 years). Barring arbitrage, the CDS spread for a given maturity should be equal to the credit spread, that is, the difference in yield to maturity between a corporate bond and a U.S. Treasury bond with the same maturity.
The CDS data have several important advantages over the corporate bonds data. First, compared to credit spreads, CDS spreads are not subject to the specification of a benchmark risk-free yield curve. Second, CDS contracts are much more liquid than corporate bonds.
CDS contracts are traded on a daily frequency while corporate bonds are usually held to maturity and may not trade even once in a month. Compared to credit spreads, CDS spreads are less contaminated by nondefault risk components (Longstaff, Mithal, and Neis (2005) and Ericsson, Reneby, and Wang (2006) ). Third, CDS prices lead credit spreads in the price discovery process (e.g., Blanco, Brennan, and Marsh (2005) ). Fourth, the terms of contract are standard and easily comparable across firms, making the CDS data more suitable for cross-sectional study.
We find that the slope of the term structure of CDS spreads, defined as the difference between a 5-year CDS spread and a 1-year CDS spread, significantly and negatively predicts cross-sectional stock returns. Stocks ranked in the bottom decile by CDS slope on average outperform those ranked in the top decile by more than 1.20% per month (14.40%
annualized). The negative relation between a CDS slope and an average future stock return is robust to weighting schemes. It holds with Fama-MacBeth regressions and is robust to controlling for stock characteristics known to be related to the cross section of a stock return.
The Fama-French factors and the momentum factor explain little of the significant positive average return of the portfolio that buys low CDS slope stocks and shorts high CDS slope stocks.
Our result cannot be explained by default risk. The predictive power of a CDS slope for stock returns is robust to controlling for various measures of default risk (e.g., the CDS spread, the KMV's expected default frequency, and the measure constructed by Campbell, Hilscher, and Szilagyi (2008) ). In fact, there is little correlation between a CDS slope and various measures of default risk. Further, in our sample, there is no significant relation between these measures of default risk and average stock return.
3
The term structure of CDS spreads reflects the shape of the conditional risk-neutral default probability over different future horizons. A high CDS slope may indicate that investors expect the firm's credit quality to deteriorate and CDS spreads to increase. Consistent with this "expectation hypothesis", we find that the difference between a current long-term CDS spread and a short-term CDS spread positively predicts future change in a short-term CDS spread. This predictive relation remains significant up to 12 months ahead. Further, we find the term structure of CDS spreads has significant predictive power for earnings surprises.
Firms with a high CDS slope experience more negative earning surprises in the next quarter.
Finally, CDS slope also negatively predicts future profitability (e.g., measured by return on asset).
Thus, the current slope of a firm's term structure of CDS spreads not only negatively predicts its future stock return, but it also forecasts changes in the firm's fundamentals. The useful information content of the CDS term structure is not fully reflected in current stock prices. The negative relation between the current CDS slope and future stock returns is consistent with subsequent changes in stock prices as the information content of the current CDS slope slowly gets incorporated into stock prices.
We find that the predictive power of the CDS slope for stock returns is significant mostly for stocks facing high arbitrage costs such as those with small market capitalization, low price, a high bid-ask spread, low institutional ownership, high information uncertainty and high default risk. The CDS slope does not significantly predict returns for low arbitrage cost stocks, although for these stocks, the current CDS slope still significantly predicts future changes in CDS spreads. Thus, the information content of the CDS slope is largely reflected in the stock prices when costs to arbitrage are low. Information contained in the CDS term structure gets incorporated only gradually into the stock prices when the costs to arbitrage are high.
Our study contributes to a growing literature documenting that various variables constructed from derivative markets can predict stock returns. Jun and Poteshman (2006) , Cremers and Weinbaum (2010) , and Xing, Zhang, and Zhao (2010) provide recent evidence of slow information diffusion from options to the stock market. Longstaff (2010) finds that returns of subprime CDO indexes forecast stock and Treasury bond returns as much as 3 weeks ahead during the recent financial crisis.
The literature reports mixed findings concerning the information flow between the CDS market and the stock market. Acharya and Johnson (2007) provide evidence of informed trading in the CDS market. They find that recent change in the CDS spread negatively predicts stock returns over the next few days. 4 This predictability is stronger for the case of negative information. Ni and Pan (2012) show that the predictability of change in CDS spreads for stock returns is caused by short-sale constraints in the stock market. However, Norden and Weber (2009) find that stock returns predict changes in CDS spreads but that changes in CDS spreads do not predict stock returns. Hilscher, Pollet, and Wilson (2014) find stock returns predict percentage change in the CDS spread at horizons of up to several weeks, but percentage change in the credit spread contains no statistically significant information about future equity returns. These papers use only data on CDSs of one maturity (5 years).
They do not study the ability of the CDS term structure to predict stock returns.
Our paper provides strong evidence that the slope of the CDS term structure contains useful fundamental information about the firm, but such information gets incorporated only gradually into stock prices. The relation between the CDS slope and future stock returns remains significant after controlling for recent change in the CDS spread, without any change in its strength. The predictability of the CDS slope for future stock returns lasts for 5 months, much longer than the daily to weekly forecast horizon in the papers above that study the ability of change in the CDS spread to forecast stock returns. Our result is not driven by short-sale constraints. In fact, the bulk of our result comes from the abnormally high return of low CDS slope stocks. Further, we find that stock returns over various past horizons do not predict the slope of CDS spreads.
In a related study, Berndt and Obrejas (2010) extract a common factor from CDS returns but do not find that this factor makes a significant contribution to explaining variation in stock returns. Our approach is different from Berndt and Obrejas (2010) . Instead of examining systematic factors driving credit events, we study the shape of an individual firm's term structure of credit spreads and its ability to forecast the cross section of stock returns. Our aim is not to find common risk factors underlying the equity market and the bond/credit market. We focus on the information flow from the credit market to the stock market.
Extending our main results based on the CDS term structure, we assemble a dataset on corporate bond yields from 1973 to 2010 and show that the slope of the term structure of corporate bond yields also significantly and negatively predicts stock returns over the next several months. For example, an equal-weighted long-short portfolio buying the bottom quintile stocks and shorting the top quintile stocks sorted by the bond-yield slope has an average return of 0.35% per month (4.20% annualized). This result also holds for FamaMacBeth regressions, after controlling for default risk measures and stock characteristics known to be related to the cross section of stock returns. We further show that the difference between a current long-term bond yield and a short-term bond yield positively predicts future change in a short-term bond yield and various default risk measures. This predictive relation remains significant up to 12 months ahead. The term structure of bond yields also has significant predictive power for earnings surprises. Firms with a high bond yield slope experience more negative earning surprises in the next quarter. These findings buttress the idea that the term structure of an individual firm's credit spreads contains useful information about the future firm fundamentals and stock prices.
The reminder of this paper is organized as follows. Section 2 discusses the data and summary statistics of key variables. in various ways. Section 3 presents evidence that the slope of the CDS term structure contains useful information about the fundamentals of the firm and predicts future stock returns. We show that the slope of the term structure of bond yields also significantly predicts stock returns. Section 4 concludes the paper.
Data
We use a comprehensive dataset of single-name credit default swaps. A single-name CDS is a contract that provides protection against the risk of a credit event by a particular company.
The protection buyer makes a periodic payment (e.g., every 6 months) to the protection seller until the occurrence of a credit event or the maturity date of the contract, whichever is first. This fee, quoted in basis points per $1 notional amount of the reference obligation, is called the default swap premium, or the credit default swap spread. In the event of a default by the reference entity, the protection seller agrees to buy the reference issue at its face value from the protection buyer.
Our CDS data is provided by Markit, a global financial information services company.
Markit receives contributed CDS data from market makers from their official books and records. Markit then cleans the data (e.g., discards stale and inconsistent data and outliers) and forms a composite price for each CDS contract. Our data covers the August 2002 to December 2012 period. Our sample consists of U.S.-dollar-denominated CDSs written on U.S. entities that are not in the government sectors. We further eliminate the subordinated class of contracts because of its small relevance in the database and its unappealing implications for credit risk pricing. We choose firms that have nonmissing month-end values for CDS spreads of all maturities. This leaves us a dataset of CDS spreads that has 60,739 firm-month observations on 776 firms. Markit also provides a credit rating for each company, which is the average of the Moody's and S&P ratings adjusted to the seniority of the instrument and rounded to not include the "+" and "-" levels.
The maturities of CDSs are uniform across firms. For each firm in the database, we observe CDS spreads for the maturities of 1 year, 2 years, 3 years, 5 years, 7 years and 10 years. The high-quality and rich CDS dataset allows us to measure the shape of the credit term structure for individual firms. Throughout the paper, we measure the slope of the CDS term structure by the difference between the 5-year CDS spread and 1-year CDS spread.
Alternative definitions of the CDS slope, such as 10-year spread minus 1-year spread, do not change our main results materially.
We obtain monthly stock returns, stock prices, and shares outstanding from CRSP. Returns of common risk factors and risk-free rates are taken from Kenneth French's website.
For control variables, we obtain firm quarterly balance-sheet and annual accounting data from Compustat, analyst coverage and earnings forecasts data from I/B/E/S, and quarterly institutional holdings (13f filling) from Thomson Financial. The 5-year CDS spreads of B-(CCC-) firms jumped from about 400 (1,000) bps precrisis to around 2,000 (9,000) bps during the financial crisis.
The average CDS spread increases with maturity for firms rated from AAA to B. For CCC-rated firms, however, the average CDS spread decreases with maturity. 3 Empirical Results
CDS Slope Negatively Predicts Stock Returns
To examine the link between the current slope of the CDS spread term structure and future stock returns, we sort stocks into various portfolios based on their CDS slope at the end of each month, and compare their average future returns. Our results are robust to sorting into five or ten portfolios based on the CDS slope. They hold for both value and equal weighting schemes. Table 4 , where the portfolio consists of stocks with a larger dispersion of the CDS slope (bottom decile versus top decile).
In order to show the negative and significant predicability of CDS slope on the future stock returns is also robust to different weighting scheme, For both weighting schemes, we find that low CDS slope stocks significantly outperform high CDS slope stocks in each of the first 3 months after we sort on the CDS slope. The equal-weighted portfolio that is long stocks in the bottom decile slope and short stocks in the top decile slope has an average return of 1.20%, 1.13%, and 1.11%, respectively in the first, second, and third months after portfolio formation. The alphas of these portfolios are about 1.10% to 1.30% per month and statistically significant. The returns of the value-weighted portfolios in Panel B are smaller than the returns of their equal-weighted counterparts. But the patterns are the same. The value-weighted portfolio that is long stocks in the bottom decile slope and short stocks in the top decile slope has an average return of 0.86%, 1.24%, and 0.54%, respectively, in the first, second, and third months after portfolio formation. In unreported tables, we further verify that our results are about equally strong and significant when we measure the CDS slope as a 10-year CDS spread minus a 1-year CDS spread (previous tables measure the CDS slope as a 5-year CDS spread minus a 1-year CDS spread). This mitigates the concern that the predictive power of the CDS slope for stock returns is somehow driven by liquidity in the CDS market. 6 It is known that the 5-year CDS tends to be more liquid than other maturities in the beginning of our sample period. But the 1-year and 10-year CDSs do not differ in liquidity.
Finally, our results remain qualitatively the same when we measure CDS slope as the difference in 5-year and 1-year CDS spreads scaled by the 1-year or 5-year CDS spread.
For example, when we scale by the 5-year CDS spread, the average monthly return spread between the bottom and the top decile of stocks sorted by the scaled CDS slope is 0.94% with a t-statistic of 1.91.
Controlling for Default Risk
Previous tables document a strong link between the term structure of CDS spreads and stock returns. In this section, we provide three pieces of evidence suggesting that the relation between the CDS slope and stock returns cannot be explained by default or distress risk. First, Table 7 shows little correlation between the CDS slopes and several default risk Second, Table 8 shows that for our sample, there is no significant relation between proxies of default risk and average stock returns. Each month we sort stocks into quintiles based on 5-year CDS spreads, EDF , or CHS. Then we form an equal-weighted portfolio that is long low default risk stocks and short high default risk stocks. Table 8 reports the average returns of these portfolios in each month during the 5 months following portfolio formation. None of the average returns are significant. These findings are in sharp contrast to the results for the CDS slope sorted portfolios reported in Tables 3 to 5 . Unlike the CDS slope, default measures do not predict future stock returns in our sample.
Third, double sorting results in Table 9 shows that the predictive power of the CDS slope for stock returns is robust to controlling for default risk measures, including the book-tomarket ratio of equity, leverage, the 1-year CDS spread, the 5-year CDS spread, EDF , and CHS. Each month, we sort stocks into three portfolios based on one of the default risk measures, and then, within each tercile, we further sort stocks based on the CDS slope. The five CDS slope portfolios are then averaged over each of the three default risk portfolios.
Hence, they represent CDS slope quintile portfolios after controlling for default risk. Table 9 reports the average returns of the CDS slope quintiles (after controlling for default risk measures), the difference in returns between the bottom and the top slope quintiles, as well as their CAPM alphas, FF-3 alphas, and Carhart-4 alphas. We find that after controlling for all the default risk measures, there is still a significant positive return spread between low CDS slope stocks and high CDS slope stocks. The average return to our portfolio strategy based on the CDS slope does not change materially.
It is reasonable to argue that conditioning on the CDS slope helps better measure firm default risk since neither the short-term CDS spread nor the long-term CDS spread fully captures the default risk over various future horizons. But the CDS slope alone does not tell us much about average default risk. A firm with a high CDS slope could have either high or low average default risk. For example, consider two firms with the same short-term spread. By definition, the firm with the higher CDS slope would have a higher long-term CDS spread-and thus higher average default risk. On the other hand, for two firms with the same long-term CDS spread, the firm with the higher CDS slope would have a lower short-term CDS spread and thus lower average default risk.
Whether high CDS slope stocks have higher or lower average default risk depends on the short-term or long-term CDS spread level. However, the predictive power of the CDS slope for stock returns does not. Table 9 shows that after controlling for the 1-year CDS spread, stocks ranked in the bottom quintile by CDS slope still significantly outperform those in the top quintile by 0.39%. Similarly, after controlling for the 5-year CDS spread, stocks ranked in the bottom quintile by CDS slope still significantly outperform those in the top quintile by 0.54%. These results show that the predictive power of the CDS slope for stock returns cannot be explained by average default risk.
Further Robustness Checks
In Table 10 , we use Fama-MacBeth regressions to further document the robustness of the negative relation between the CDS slope and future stock returns. In addition to default risk measures, we control for log market capitalization (size), book-to-market ratio of equity, past 6 month stock returns (momentum), the interactive item of CDS slope and momentum, one-month reversal, leverage, stock turnover ratio, institutional share ownership, and idiosyncratic volatility.
First, consistent with the double-sorting results in Table 9 , the negative relation between the CDS slope and future stock returns remains significant after controlling for default risk measures including the CDS level, EDF and CHS. There is no significant relation between default risk measures and stock returns, confirming the univariate sorting results in Table   8 .
Second, the negative relation between the CDS slope and future stock returns remain robust to controlling for past returns of various horizons. When we regress the CDS slope on current month stock returns and stock returns over several past horizons (the past 6 months and between 12 months and 6 months ago), the coefficients are all insignificant. The predictive power of the CDS slope for stock returns is not a mere reflection of momentum or reversal in stock returns.
Third, the predictive power of the CDS slope is independent of that of change in the CDS spread. Models 6 and 7 of Table 10 show that monthly changes in the 1-year CDS spread and in the 5-year CDS spread negatively predict stock returns over the next month, which is consistent with Acharya and Johnson (2007) and Ni and Pan (2012) . But the estimated coefficient of the CDS slope barely changes after controlling for monthly changes in the CDS spreads. The same conclusion can be reached from the portfolio sorts. In univariate sort by CDS slope, stocks ranked in the bottom quintile outperform those in the top quintile by 0.69% over the next month. After controlling for change in the 1-year (5-year) CDS spread, stocks ranked in the bottom quintile still outperform those in the top quintile by 0.39% (0.54%) per month (see Table 9 ). This shows again that the predictive power of the CDS slope is independent of that of change in the CDS spread.
Information Content of the CDS Slope
This section examines the information content of the shape of the CDS term structure.
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One reason a firm can have an upward sloping CDS term structure is that investors expect the credit health of the firm to deteriorate in the future. This is similar to the expectation hypothesis of the (default-free) term structure of interest rates: a current long-term rate that is higher than the short-term rate may indicate that the future short-term rate is expected to be higher. Table 11 examines the ability of the CDS slope (5-year spread minus 1-year spread) to forecast future changes in 1-year CDS spreads. We regress changes in 1-year CDS spreads over various future horizons (from 1 month to 12 months) on the current CDS slope. We find that the coefficient on the CDS slope is positive and significant in all regressions. Thus, consistent with the expectation hypothesis, the current CDS slope positively predicts future changes in 1-year CDS spreads. This suggests that the term structure of CDS spreads contains useful information about change in the future credit worthiness of the firm. The same conclusion can be reached using KMV's EDF or the Campbell, Hilscher, and Szilagyi (2008) measure of default risk. Table 12 shows that the CDS term structure also has significant predictive power for earning surprises. In Panel A, we sort stocks into quintiles based on the CDS slope (Slope).
Then we report the difference in the average future standardized earning surprises (SU E)
between the top and the bottom Slope quintile firms that release earnings over the next n-months, n = 1, 2, 3. Firms with a high Slope on average experience significantly more negative earning surprises than firms with a low Slope, for both value-weighted and equalweighted averages. In Panel B, we use Fama-MacBeth regressions to confirm that a firm's standardized earning surprise for the next quarter is significantly negatively related to the current slope of the CDS term structure, controlling for the past month return, lagged SU E and analyst forecast.
Slow Diffusion of Information
We have shown that the slope of a firm's term structure of CDS spreads significantly predicts changes in the firm's fundamentals such as earnings and credit worthiness. Slow diffusion of the information content of the CDS slope can explain why stocks with a high (low) CDS slope on average have abnormally low (high) stock returns. In our case, the slow diffusion of the information from the CDS market to the stock market may arise from the stock market's overreacting to short-term information and underreacting to long-term information.
For example, for firms with negative CDS slope (short-term CDS spread is larger than long-term CDS spread), credit investors are expecting future improvement in the credit health of the company over the longer term. However, if stock investors are too focused on the short term and slow to incorporate these good long-term information, then the current stock prices of low CDS slope stocks would be too low, setting up for a higher return subsequently.
Their high future returns are consistent with the price adjustment as the stock market slowly wakes up to the information content of the CDS slope.
The information hypothesis suggests that the return spreads between low-slope and highslope stocks should be larger when the private information of CDS traders becomes public during the portfolio holding period. Table 13 confirms this idea: low slope decile stocks on average outperform the high slope decile stocks by 1.48% over the next month when there is an earning release; otherwise, the outperformance is reduced to 0.68%.
To further support the slow information diffusion explanation of our results, we examine the predictive power of the CDS slope for future stock returns in various subsamples sorted by proxies of arbitrage costs, including firm size, stock price, bid-ask spread, institutional ownership, dispersion in analyst forecasts, idiosyncratic stock volatility and default risk measures such as CHS and 5-year CDS spread. Table 14 reports the average returns of our portfolio strategy that buys low CDS slope stocks and shorts high CDS slope stocks in various subsamples as well as their alphas with respect to the CAPM, the Fama-French three factor model or the Carhart four-factor model.
Our portfolio strategy has significant positive abnormal returns when applied to stocks with low market capitalization, low price, low institutional ownership, high bid-ask spread, high disagreement, high idiosyncratic volatility and high default risk measures. These stocks face high arbitrage costs, which prevent the useful information contained in the CDS slope from getting fully incorporated into the current stock prices. The profits of our portfolio strategy can be viewed as rewards to smart investors who pay attention to the information content of the CDS slope and bear the costs as well as the risks of arbitrage between the CDS market and the stock market. Our portfolio strategy does not earn significant profits among low-arbitrage-cost stocks, although for these stocks, the CDS slope also contains useful information about future change in credit quality 9 . Thus, the slow diffusion of information from the CDS market to the stock market occurs mostly for stocks with high arbitrage costs.
CDS Slope and Default Risk Premium
Besides containing information about future change in CDS spreads, the slope of the term structure of CDS spreads may also reflect a default risk premium. The reason that a firm can have a steep upward sloping CDS term structure is that there is uncertainty about its default probability and investors require compensation for the risk associated with the fluctuation in a firm's default probability. This default risk premium is similar in spirit to the variance risk premium. Investors generally dislike the randomness of the future default probability and, in equilibrium, demand a premium for accepting this risk. The existence of the default risk premium has been established by Driessen (2005) and Berndt et al. (2008) . 10 Recently, Pan and Singleton (2008) successfully use the term structure of CDS spreads to estimate the market price of risk associated with the fluctuation in the probability of default.
We adopt the Pan and Singleton (2008) model to show that the CDS slope is positively related to the default risk premium. The (annualized) spread of an M -year CDS contract at issuance with semiannual premium payments is:
where R Q is a constant risk-neutral recovery of face value (taken to be 0.25 in Pan and
Singleton (2008)), and r t is the riskfree short rate. The risk-neutral mean arrival rate of a credit event λ Q follows a mean reverting process under the physical measure P ,
Assume the market price of risk η t associated with the fluctuation in default intensity is an 10 Driessen (2005) and Berndt, Douglas, Duffie, Ferguson, and Schranz (2008) empirically measure default risk premium as the ratio of risk-neutral to actual default probability. They find that risk-neutral default probabilities are significantly higher than actual default probabilities. Collin-Dufresne, Goldstein, and Helwege (2012) examine economic sources for the default risk premium.
affine function of lnλ
The market price of risk η t governs the change of measure from the physical measure to risk-neutral measure for λ Q :
where
The CDS pricing equation (1) can be evaluated using the risk-neutral dynamics of λ Q given in (3).
In Pan and Singleton (2008) , the estimates for δ 0 and δ 1 are both negative. When δ 0 < 0 and δ 1 < 0, we have κ Q < κ P , and θ Q > θ P (θ Q is less negative). This means that the long-run mean of default intensity λ Q under the risk-neutral measure is higher than that under the empirical measure. So even at low arrival rates of credit events, λ Q will tend to be larger under Q than under P . Moreover, for a given level of λ Q , there is more persistence under Q than under P (bad times last longer under Q). Thus, negative δ 0 and δ 1 imply that the credit environment is worse under Q than under P . This pessimism about the credit environment reflects investors' aversion towards the risk of variation over time in the default intensity.
To quantify the magnitude of default risk premium embedded in the CDS market, Pan and Singleton (2008) compare CDS(M ), the M -year CDS spread given in equation 1 under negative values for δ 0 and δ 1 to its counterpart when there is no default risk premium (i.e., δ 0 = δ 1 = 0; investors are neutral towards the risk of variation over time in λ Q , and evaluate CDS spreads using its P dynamics). We follow Pan and Singleton (2008) and use the following variable CRP to proxy for the magnitude of default risk premium:
In unreported simulation exercise, we find a positive relation between the above proxy of default risk premium and CDS slope. 11 Intuitively, when investors require compensation for the risk associated with variations in the default intensity, risk-neutral default probabilities increase relative to physical default probabilities, leading to higher CDS spreads. The impact is larger for longer-term CDS contracts as the risk of variation over time in the default intensity increases with horizon. An increase in the default risk premium pushes up the long-term CDS spreads more than the short-term CDS spreads, leading to a steeper term structure of CDS spreads. Thus, the CDS slope is positively related to the default risk premium.
However, the positive relation between the CDS slope and the default risk premium makes it more puzzling (rather than clearer) as to stocks with high CDS slopes have lower average returns. If a steeply upward sloping term structure of CDS spreads indicates a high default risk premium demanded by sellers of CDSs, who can be thought of as sellers of put options on the firm's value, then the stock shareholders, who own call options on the firm's value, should expect similar compensation. Thus, high CDS slope stocks should have higher, not lower, average returns.
Bond Yield Slope Forecasts Stock Returns
We have documented strong evidence that the term structure of the credit spread can be used to predict stock returns using CDS data from August 2002 to December 2012. In this section, we show that the same conclusion holds using corporate bond yields data for a longer sample period from January 1973 to December 2010. The bond price and trade data 11 The result is based on 1000 simulations under the Pan and Singleton model. All simulations share common parameters governing the P dynamics of λ Q : κ P = 0.57; θ P = −4.61; σ λ Q = 1.144. These parameters are based on the maximum likelihood estimates of Pan and Singleton (2008) Table III . Each simulation corresponds to different parameter values for δ 0 , δ 1 , and initial default intensity λ Q 0 . For a given set of model parameters, we simulate the P and Q dynamics of λ Q out to five years, compute one-year and five-year CDS spreads, CDS slope as well as the size of default risk premium CRP (1) and CRP (5). The market price of risk associated with the fluctuation in default intensity given in (2) is different across simulations, leading to variations in both CDS slope and default risk premium across simulations. quired dealers to report their transactions through its TRACE system. We exclude callable, puttable, convertible, sinking funds and floater bonds. We exclude noncoupon bonds and bonds with time-to-maturity under 1 year because they have low liquidity and thus could be subject to pricing errors.
We pool LBFI, NAIC and TRACE transaction datasets together and delete the duplicated records. Then we merge the pooled data with the Fixed Investment Securities
Database to obtain bond characteristic information, such as issue dates, coupon rates, maturity dates, issue amounts, provisions, credit ratings, and so forth. We have a total of 354,822 bond-month observations in our sample, covering 7,225 bonds from 1,136 firms.
To construct a measure of the slope of the term structure of corporate bond yields that are comparable across firms, we hold the credit quality of the bonds constant by analyzing multiple bonds in the same priority structure of the same company. In each month and for each firm, we categorize the bonds by maturity into three buckets: short-term bonds are those with 1 to 3 years in time-to-maturity; medium-term bonds are those with 4 to 9 years in time-to-maturity; and long-term bonds are those with over 10 years to maturity.
The bond yield slope is measured as the difference of the average yields of the medium-term bonds and the short-term bonds, subtracted by the corresponding treasury bond yields. Table 15 shows that an equal-weighted long-short portfolio buying the bottom quintile stocks and shorting the top quintile stocks sorted by the bond-yield slope has an average return of 0.35% over the next month, with a t-statistic of 1.85. This monthly return is significant both economically and statistically. Controlling for the Fama-French three factors and momentum factors actually leads to slightly higher alpha. The abnormal return of this long-short portfolio sorted by bond-yield slope holds with similar magnitude in each of the 3 months after portfolio formation.
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The Fama-MacBeth regression results reported in Table 16 confirm a significant negative relation between the bond-yield slope and future stock returns. This significant relation is robust to controlling for the level and change of bond yield, the default risk measures as well as stock characteristics including size, book-to-market ratio of equity, momentum, the interactive item of CDS slope and momentum, one-month reversal, leverage, stock turnover ratio, institutional share ownership, and idiosyncratic volatility. These results corroborate the findings reported earlier based on the CDS data. The slope of the term structure of credit spreads, inferred from the CDS spreads or corporate bond yields, significantly and negatively predicts stock returns over the next several months. Table 17 examines the ability of the bond-yield slope to forecast future changes in bondyield spreads. We regress changes in short-term bond-yield spreads over various future horizons (from 1 month to 12 months) on the current bond-yield slope. We find that the coefficient on the bond-yield slope is positive and significant in all regressions. Thus, consistent with the expectation hypothesis, the current bond-yield slope positively predicts future changes in short-term bond-yield spreads. This suggests that the term structure of bondyield spreads contains useful information about change in the future credit worthiness of the 12 In unreported table, we verify the robustness of our results when we first piece-wise linearly interpolate the yield curve for each bond and in each month, based on the yields for traded bonds, and then measure the bond yield slope as the five-year yield minus the one-year yield on the interpolated yield curve. Further, our results do not change materially when we measure bond-yield slope as the difference of the average yields of the long-term bonds and the short-term bonds.
firm. An upward sloping bond-yield term structure indicates that investors expect the credit health of the firm to deteriorate in the future. We obtain the same conclusion using KMV's EDF or the Campbell, Hilscher, and Szilagyi (2008) measure of default risk. Table 18 shows that the bond-yield term structure also has significant predictive power for future earnings. In Panel A, we sort stocks into quintiles based on the bond-yield slope (Slope). Then we report the difference in the average future standardized earning surprises (SU E) between the top and the bottom Slope quintile firms that release earnings over the next n-months, n = 1, 2, 3. Firms with a high Slope on average experience significantly more negative earning surprises than firms with a low Slope, for both value-weighted and equal-weighted averages. In Panel B, we use Fama-MacBeth regressions to confirm that a firm's standardized earning surprise for the next quarter is significantly negatively related to the current slope of the bond-yield term structure, controlling for the past month stock return, lagged SU E and consensus analyst forecast.
Conclusion
This paper uses a comprehensive dataset of credit default swaps on North American firms, and documents a strong link between the term structure of credit default swap spreads and the expected stock returns of these firms. The slope of a firm's CDS term structure, defined as the difference between the 5-year spread and the 1-year CDS spread, negatively predicts future stock returns. A portfolio strategy that buys lowest decile CDS slope stocks and shorts highest decile CDS slope stocks earns an average return of more than 1.20% each month (14.40% annualized). This result is robust across different weighting schemes and sorting dimensions. The negative relation between the CDS slope and expected stock returns is also found in Fama-MacBeth regressions. It holds after controlling for various stock characteristics. It cannot be explained by standard risk factors in the stock market, various measures of default risk, or compensation for the risk of variation in default probability. Fi-nally, we show that the slope of the term structure of corporate bond yields also significantly and negatively forecasts stock returns.
The negative relation between the current CDS slope and future stock returns is consistent with slow information diffusion between the CDS market and the stock market. The CDS slope contains useful information about the fundamentals of the underlying firm in the future. Stocks with high current CDS slope tend to experience credit deterioration and more negative earning surprises in the future. But this useful information does not appear to be fully incorporated into the current stock prices. The stock market seems to overreact to short-term information and underreact to long-term information contained in the CDS term structure. Stocks with a steeply upward sloping CDS term structure tend to be overpriced, while prices of stocks with a downward sloping CDS term structure are pushed down too much. Subsequently, as the stock market catches up to the long-term information already reflected in the CDS term structure several months previously, prices of stocks with a high (low) CDS slope tend to drop (increase), leading to lower (higher) future returns. Supporting the slow information diffusion explanation, our portfolio strategy based on the CDS slope is profitable mainly when applied to stocks facing high arbitrage costs. This table presents the summary statistics-mean, standard deviation, min, p10, p90 and max values for credit default swap spread levels for 1 and 5 years and for all ratings, AAA, AA, A, BBB, BB, B and CCC ratings respectively. All the spread levels are in basis points. The number is the number of firm-month observations. The CDS dataset obtained from Mark-it has the CDS data on 776 firms from August 2002 to December 2012 on a daily frequency. We include all the delisted returns. We choose the month-end 60,873 observations to report the summary statistics. This table presents the mean, standard deviation, p10 and p90 values for the monthly CDS slope measured as the difference between 5-year and 1-year CDS spreads (in basis points). The CDS dataset obtained from Mark-it has the CDS data on 776 firms from August 2002 to December 2012 on a daily frequency. We include all the delisted returns. We choose the month-end 60,873 observations to report the summary statistics. "All" corresponds to the pooled data for all firms with traded CDS over our sample period. "AAA" corresponds to only firms rated AAA (same for other ratings). This table presents the average firm characteristics by decile of slope. The CDS slope is measured as the difference between 5-year and 1-year CDS spreads (in basis points). SIZE equals the natural logarithm of the market value of equity at the end of the month for each stock. B/M ratio equals the book-to-market ratio. M OM equals firms' cumulative market-adjusted return measured over the six months prior to month t−2, in percent. LEV equals the ratio of the book value of long-term debt to the sum of the market value of equity and the book value of long-term debt. T O equals the monthly stock trading volume divided by total common shares outstanding. IO equals the fraction of common shares owned by institutions based on Thomson 13-F filings. IV OL is the idiosyncratic volatility measured relative to the FF-3 model. The CDS dataset obtained from Mark-it has the CDS data on 776 firms from August 2002 to December 2012 on a daily frequency. We include all the delisted returns. We choose the month-end 60,873 observations to sort into decile portfolios to report the summary statistics. This table reports the average monthly returns of portfolios sorted on the CDS slope for various subsamples. We sort stocks in each month based on the CDS slope into deciles, and form an equal-weighted portfolio that is long the bottom decile stocks and short the top decile stocks. We check the robustness of our results (1) before the 2008-2009 financial crisis; (2) excluding the CCC rated firms; (3) excluding the financial firms. r 0,1 is the portfolio return over the first month after the portfolio formation.
All Ratings

Rating
SIZE B/M M OM LEV T O IO IV OL
Besides the raw returns of the portfolios, we also report their CAPM alphas, FF-3 alphas and Carhart-4 alphas. We include all the delisted returns. The sample period is from August 2002 to December 2012. All returns are in percent. The t statistics (reported in the brackets) are adjusted by Newey-West method. * (resp. * * and * * * ) denotes significance at 10% (resp. 5% and 1%) level. (2008)). Each month, we sort stocks into 5 portfolios based on one of these variables, and form an equal-weighted portfolio that is long the bottom quintile and short the top quintile. r i,i+1 is the portfolio return over the month [i, i + 1] after the portfolio formation. We include all the delisted returns. The sample period is from August 2002 to December 2012. All returns are in percent. The t statistics (reported in the brackets) are adjusted by Newey-West method. * (resp. * * and * * * ) denotes significance at 10% (resp. 5% and 1%) level. This table reports the average monthly of equal-weighted quintile portfolio sorted by the CDS slope after controlling for various default-related variables. B/M is the book-to-market ratio of equity. Leverage is the ratio of the book value of long-term debt to the sum of the market value of equity and the book value of long-term debt. Level is the 1-year CDS spread. EDF is the expected default frequency provided by Moody's KMV. CHS is the Campbell, Hilscher and Szilagyi distress risk measure (Campbell, Hilscher, and Szilagyi (2008) ). ∆CDS(1) is the change in 1-year CDS spread over the most recent month. Each month, we sort stocks based on one of the default risk measures (book-to-market, leverage, EDF , CHS, 1-year CDS spread (CDS(1)), 5-year CDS spread (CDS (5)), and monthly change in 5-year CDS spread (∆CDS(5))) into 3 portfolios, and then, within each tercile, we sort stocks based on the CDS slope. The five CDS slope portfolios are then averaged over each of the 3 default risk portfolios. We report the average returns of the CDS slope quintiles (controlled for default-related variables), the difference in returns between the bottom and the top slope quintile as well as their CAPM alphas, FF-3 alphas and Carhart-4 alphas. We include all the delisted returns. The sample period is from August 2002 to December 2012. All returns are in percent. The t statistics (reported in the brackets) are adjusted by Newey-West method. * (resp. * * and * * * ) denotes significance at 10% (resp. 5% and 1%) level. For the cross-sectional regression in month t, the dependent variable is stock return over the month t. All independent variables are measured at the end of previous month in decimal point. Slope is the difference between the 5-year and 1-year CDS spreads. CDS(1) and CDS(5) are the 1-year and 5-year CDS spread one period lagged respectively. ∆CDS(1) and ∆CDS (5) are the change of the 1-year and 5-year CDS spread over the last month respectively. EDF is the expected default frequency provided by Moody's KMV. CHS is the Campbell, Hilscher and Szilagyi measure of distress risk. SIZE equals the natural logarithm of the market value of equity at the end of the month for each stock. B/M ratio equals the book-to-market ratio. M OM equals firms' cumulative market-adjusted return measured over the six months prior to month t − 2, in percent. Ret t−1 is the lagged one month return. Slope × M OM equals the interactive item of Slope and 1 + M OM . LEV equals the ratio of the book value of long-term debt to the sum of the market value of equity and the book value of long-term debt. T O equals the monthly stock trading volume divided by total common shares outstanding. IO equals the fraction of common shares owned by institutions based on Thomson 13-F filings. IV OL is the idiosyncratic volatility measured relative to the FF-3 model. We include all the delisted returns. The sample period is from August 2002 to December 2012. The numbers in the brackets are t-statistics. * (resp. * * and * * * ) denotes significance at 10% (resp. 5% and 1%) level. of a firm's term structure of CDS spreads (Slope) has significant predictive power for its next earning surprises. Standardized unexpected earning SU E is the difference between announced earnings per share and the latest consensus analyst earnings forecast divided by the standard deviation of analyst forecasts. Ret is the lagged one month return. AF is the analyst forecast. Panel A reports the difference in the average future SU E between firms whose current Slope ranked in the top quintile and those that ranked in the bottom quintile when they release earnings over the next n-months, n = 1, 2, 3. V W and EW correspond to the value-weighted and equal-weighted averages. Panel B reports results of Fama-MacBeth regressions of the SU E for firms reporting earnings over the next n-months on their current Slope (divided by 10000). We include all the delisted returns. The sample period is from August 2002 to December 2012. The numbers in the brackets are t-statistics. * (respectively * * and * * * ) denotes significance at 10% (respectively 5% and 1%) level. This table reports the average monthly return (in percent) of an equal-weighted portfolio that is long stocks with the low CDS slope and short stocks with the high CDS slope in various subsamples of stocks sorted by proxies of arbitrage costs, including size, stock price level, bid-ask spread, dispersion of analyst forecast, institutional ownership and stock idiosyncratic volatility. At the end of each month, we perform a 3 by 3 independent double sort based on one of these arbitrage measures and CDS slope. We report the average differences in the returns of the low CDS slope stocks and the high slope stocks in each of the three portfolios sorted by a given arbitrage cost measure. In addition to the raw returns, we also report the portfolio alpha with respect to the CAPM, the Fama-French three factor model, and the Carhart four factor model. We include all the delisted returns. The sample period is from August 2002 to December 2012. The numbers in the brackets are t-statistics. * (resp. * * and * * * ) denotes significance at 10% (resp. 5% and 1%) level. This table reports the average monthly returns of portfolios sorted on the bond-yield slope over various future horizons. In each month and for a given firm, the bond yield slope (Slope) is the difference between the average yields of bonds issued by the firm with time-to-maturity between four to nine years and the average yields of bonds issued by the firm with time-to-maturity between one and three years, subtracted by the corresponding maturity treasury bond yield. Each month, we sort stocks based on bond-yield slope into five quintiles, and form an equal-weighted portfolio that is long the bottom quintile stocks and short the top quintile stocks. r i,i+1 is the portfolio return over the month [i, i + 1] after the portfolio formation. Besides the raw returns of the portfolios, we also report their CAPM alphas, FF-3 alphas and Carhart-4 alphas. We include all the delisted returns. The sample period is from January 1973 to December 2010. All returns are in percent. The t statistics (reported in the brackets) are adjusted by Newey-West method. * (respectively * * and * * * ) denotes significance at 10% (respectively 5% and 1%) level. For the cross-sectional regression in month t, the dependent variable is stock return over the month t. All independent variables are measured at the end of previous month. Slope (in basis points) is the difference between the average yields of bonds issued by the firm with time-to-maturity between four to nine years and the average yields of bonds issued by the firm with time-to-maturity between one and three years, subtracted by the corresponding maturity treasury bond yield. Y ield S and Y ield M are the average short-term bond yield and medium-term bond yield one period lagged respectively. ∆Y ield S and ∆Y ield M are the change of Y ield S and Y ield M over the last month respectively. EDF is the expected default frequency provided by Moody's KMV. CHS is the Campbell, Hilscher and Szilagyi measure of distress risk. SIZE equals the natural logarithm of the market value of equity at the end of the month for each stock. B/M ratio equals the book-to-market ratio. M OM equals firms' cumulative market-adjusted return measured over the six months prior to month t − 2, in percent. Ret t−1 is the lagged one month return. Slope × M OM equals the interactive item of Slope and 1 + M OM . LEV equals the ratio of the book value of long-term debt to the sum of the market value of equity and the book value of long-term debt. T O equals the monthly stock trading volume divided by total common shares outstanding. IO equals the fraction of common shares owned by institutions based on Thomson 13-F filings. IV OL is the idiosyncratic volatility measured relative to the FF-3 model. We include all the delisted returns. The sample period is from January 1973 to December 2010. The numbers in the brackets are t-statistics. * (resp. * * and * * * ) denotes significance at 10% (resp. 5% and 1%) level. , changes in EDF and changes in CHS from t to t + i on the bond yield slope at time t. Slope (in basis points) is the difference between the average yields of bonds issued by the firm with time-to-maturity between four to nine years and the average yields of bonds issued by the firm with time-to-maturity between one and three years, subtracted by the corresponding maturity treasury bond yield. Y ield S is the average short-term bond yield. ∆Y ield S,t+i = Y ield S,t+i − Y ield S,t . ∆EDF t+i = EDF t+i − EDF t . ∆CHS t+i = CHS t+i − CHS t . For brevity reason, we only report the results for Slope and we do not report the results for constants. The numbers in the brackets are t-statistics. * (resp. * * and * * * ) denotes significance at 10% (resp. 5% and 1%) level. of a firm's bond-yield slope (Slope) has significant predictive power for its next earning surprises. Standardized unexpected earning SU E is the difference between announced earnings per share and the latest consensus analyst earnings forecast divided by the standard deviation of analyst forecasts. Ret is the lagged one month return. AF is the analyst forecast. In Panel A, we sort stocks into quintiles based on Slope. Then we report the difference in the average future SU E between firms whose current Slope ranked in the top quintile and those that ranked in the bottom quintile when they release earnings over the next n-months, n = 1, 2, 3. V W and EW correspond to the value-weighted and equalweighted averages. Panel B reports results of Fama-MacBeth regressions of the SU E for firms reporting earnings over the next n-months on their current Slope (divided by 10000). We include all the delisted returns. The sample period is from January 1973 to December 2010. The numbers in the brackets are t-statistics. * (respectively * * and * * * ) denotes significance at 10% (respectively 5% and 1%) level. 
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